Power consumption in turning EN-31 steel (a material that is most extensively used in automotive industry) with tungsten carbide tool under different cutting conditions was experimentally investigated. The experimental runs were planned according to 24+8 added centre point factorial design of experiments, replicated thrice. The data collected was statistically analyzed using Analysis of Variance technique and first order and second order power consumption prediction models were developed by using response surface methodology (RSM). It is concluded that second-order model is more accurate than the first-order model and fit well with the experimental data. The model can be used in the automotive industries for deciding the cutting parameters for minimum power consumption and hence maximum productivity. Turning is a very important machining process in which a single point cutting tool removes unwanted material from the surface of a rotating cylindrical work piece. The cutting tool is fed linearly in a direction parallel to the axis of rotation. Turning is carried on lathe that provides the power to turn the work piece at a given rotational speed and feed to the cutting tool at specified rate and depth of cut. Therefore three cutting parameters namely cutting speed, feed rate and depth of cut need to be optimized in a turning operation. Turning operation is one of the most important operations used for machine elements construction in manufacturing industries i.e. aerospace, automotive and shipping. Turning produces three cutting force components as shown in fig.1a ,(the main cutting force i.e. thrust force, (F Z ), which acts in the cutting speed direction, feed force, (F X ), which acts in the feed rate direction and the radial force, (F Y ), which acts in radial direction and which is normal to the cutting speed). Out of three force components the cutting force (main force) constitutes about 70% to 80% of the total force 'F' and is used to calculate the power 'P' required to perform the machining operation [1, 2, 3] .
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Turning is a very important machining process in which a single point cutting tool removes unwanted material from the surface of a rotating cylindrical work piece. The cutting tool is fed linearly in a direction parallel to the axis of rotation. Turning is carried on lathe that provides the power to turn the work piece at a given rotational speed and feed to the cutting tool at specified rate and depth of cut. Therefore three cutting parameters namely cutting speed, feed rate and depth of cut need to be optimized in a turning operation. Turning operation is one of the most important operations used for machine elements construction in manufacturing industries i.e. aerospace, automotive and shipping. Turning produces three cutting force components as shown in fig.1a ,(the main cutting force i.e. thrust force, (F Z ), which acts in the cutting speed direction, feed force, (F X ), which acts in the feed rate direction and the radial force, (F Y ), which acts in radial direction and which is normal to the cutting speed). Out of three force components the cutting force (main force) constitutes about 70% to 80% of the total force 'F' and is used to calculate the power 'P' required to perform the machining operation [1, 2, 3] .
Power is the product of main cutting force and the cutting velocity and is a better criterion for design and selection of any machine tools. Power consumption may be used for monitoring the tool conditions. The objective of using response surface methodology (RSM) is not only to investigate the response over the entire factor space, but also to locate the region of intrest where the response reaches its optimum or near optimal values [4] .
It has long been recognized that, in order to optimize the economic performance of machining operations, reliable quantitative technological performance data and equations are required for the wide spectrum of machining operations, tools and work piece materials used in practice [4] . It has also been recognized that improving the technological performance measures such as the chip formation, forces, power, and tool life, improves the economic performance of machining operations as assessed by the time per component, cost per component or other suitable measures [5] . WUSM [6] first pioneered the use of R.S.M. in tool life testing. The number of experiments required to develop a surface response equation can be reduced markedly by using factorial design of experiments as compared to the traditional one variable at a time approach. Chou and Song [7] have investigated the effect of tool nose radius on finish hard turning with ceramic tools. In this study, surface finish and tool wear were studied at different metal cutting conditions. Results show that large tool nose radii not only give a finer surface finish, but also result in considerable tool wear compared to small nose radius tools. Specific cutting energy also increases slightly with tool nose radius. Larger nose radius tools generate shallower white layers when cutting with worn tools. For new tools, small tool nose radius results in larger uncut chip thickness, and thus, induces deeper white layers. However effective rake angle has been kept constant in the study reported by Chou et al [7] . In these studies, only one parameter of the tool geometry has been studied, whereas more than one parameter is found to 1. Introduction be significant and they may also have interaction effect on the response parameters.
Modeling and optimization are necessary for the control of the hard turning process to achieve improved product quality, high productivity and low cost. Suresh et al [8] have developed a surface roughness prediction model for turning mild steel using a response surface methodology. Surface roughness prediction model has also been optimized by using genetic algorithms. Similarly surface roughness prediction models for dry and wet turning of EN-31 steel with tungsten carbide tool have been developed and reported by Abhang and Hameedullah [9] . Second degree model were found to be more significant than the first degree model. The interaction effects of response parameters were also found to be significant.
Anirban Bhattacharya et al [10] have investigated the effect of cutting parameters on surface finish and power consumption during high speed machining of AISI irons steel using Taguchi design and ANOVA. In this study, combined technique of orthogonal array and analysis of variance was employed to investigate the contribution and effect of cutting speed, feed rate and depth of cut (only three factors) on three surface roughness parameters and power consumption were studied at different metal cutting conditions. The results showed a significant effect of cutting speed on surface roughness and power consumption, while the other parameters have not substantially affected the response. Sood et al [11] studied the specific energy where the power of machining is one of the parameter affecting the specific energy. Noodin et al [15] studied the application of response surface methodology in describing the performance of coated carbide tools when turning AISI1045 steel. The factors investigated were cutting speed, feed and side cutting edge angle. The response variables were surface finish and tangential force. ANOVA revealed that feed is the most significant factor influencing the response variables investigated.
There have been plenty of recent applications of Taguchi techniques to materials processing for process optimization [16] [17] . Statistical methods and Taguchi's technique were used for investigating machinability and optimizing power consumption [16] . Faleh et al [17] have reported that the power consumption is one of the most important parameters for online monitoring of tool conditions [17] . The study revealed that when cutting fluid is used, cryogenic environment is the most significant factor in minimizing power consumption followed by cutting speed and depth of cut [17] . The effects of feed rate and tool nose radius were found to be insignificant compared to other factors. Lin [18] has formulated the experimental results of surface roughness and cutting forces by regression analysis, and modeled the effects of them in his study using S5SC steel. Similar investigations have been reported by Risbood [19] .
In the present work experimental investigations were conducted by turning EN-31 steel with tungsten carbide tool at different conditions of cutting speed, feed rate, depth of cut and tool nose radius. The cutting forces were measured and power consumption calculated. An attempt has been made to develop the first order and second order power prediction models with respect to various combinations of design variables (cutting speed, feed rate, depth of cut and tool nose radius) by response surface methodology with the factorial design of experiments and analysis of variance (ANOVA) applied to the uncoded data.
Power Model
The equation for the power is:
Where P is the power in watt, V is the cutting speed in m/ min and F c is the main cutting force in N. The power is dissipated mainly in the shear zone (due to the energy required to shear the material) and on the rake face of the tool (due to tool-chip interface friction). The sharpness of the tool tip also influences forces and power. Because it rubs against the machined surface and makes the deformation zone ahead of the tool larger the worn out tools require higher forces and power.
The proposed relationship between the machining responses (power) and machining independent variables can be represented in linear form:
Therefore, Power = a*(cutting speed) + b*(feed rate) + + C*(depth of cut) + d*(tool nose radius) + e (
Where, power is in watt (w) a, b, c, d and e are the constants. Eq. (2) can be written in the following form. Therefore
Where, Y is the power, X 0 = 1 (dummy variables), X 1 = cutting speed, X 2 = feed rate, X 3 = depth of cut and X 4 = tool nose radius, β 0 = C and β 1 , β 2 , β 3 and β 4 are the model parameters.
The relationship between the metal cutting power and machining independent variables represented in the following equation. The equation is,
Where C is constant, and a, b, c and d are the exponents. Eq. Where, Y 1 is the estimated response based on first order equation, Y is the measured machining power through cutting force (main force) on a logarithmic scale, x 0 = 1 is a dummy variable. X 1 , X 2 , X 3 and X 4 are logarithmic transformations of cutting speed, feed rate, depth of cut and tool nose radius, respectively, ε is the experimental error; and b values are the estimates of corresponding parameters. If this model is not sufficient to represent the process, and then the second order model will be developed. The basic formula is,
Where, the calculation matrix X and the variance matrix (X T .X) -1 , Hence the b values can be determined by using eq. (9). The variables coded by taking into account the capacity and the limiting cutting conditions of the lathe machine. The coded values of variables to be used in eq. (7) were obtained from the following transforming equations.
X 3 = lnd-ln0.6/ln0.6-ln0.2,
Where X 1 is coded value of cutting speed (V), X 2 is the coded value of feed rate (F), X 3 is the coded value of depth gent (D) and X 4 is the coded value of tool nose radius (R).
Experimental Conditions
The material used for the experiments is grade EN-31 steel, which is popularly used in automotive type applications, like axle, bearings, spindle and molding dies etc. Its chemical composition is given in table1.The workpiece is of 500mm length and 50mm in diameter. The lathe used for machining operations is HMT heavy duty lathe (LTM20) machine. The cutting tool holder used for turning operation is WIDAX SCLCR 12, T3 and diamond shape carbide inserts (CNMA 120404, CNMA 120408, CNMA 120412),
, λs = -6 0 , Kr = 95 0 , ε r = 80 0 , r = 0.4, 0.8 and 1.2mm). The levels of cutting conditions i.e. cutting speed, feed rate, depth of cut and tool nose radius are listed in table 2. To elaborate the plan of experiments the method of factorial design with eight aided centre points with coded design used as shown in table 3 [12] , [13] . Similarly table 4 shows the experimental cutting conditions together with the actual values of cutting parameters and measured cutting force with the calculated power using equation 1. On line measurement of cutting force is carried out using lathe tool dynamometer (strain gauge type three components lathe tool dynamometer as shown in figure 1b and figure 1c . 
Results and Discussions
After completing the experiments an analysis of variance (ANO-VA) was conducted to discern whether differences in cutting power between various runs were statistically significant. Table 5 presents ANOVAs results for experimental data generated during turning of alloy steel work piece. Value of "probability > F" less than 0.0500 indicate model terms are significant. This is desirable as it indicates that the terms in the model have significant effect on the response. The power consumption equation of first order model is P = -11556 + 175V + 32062F + 14388D + 2376R (12) The table 5 shows the 95% confidence interval for the experiments. The analysis of variance of first order-model is shown in table 5. For the linear model, the p-value for lack of fit is 0.61 (>0.05) is not significant with the lack of fit and the f-statistic is 0.75 (>0.05).This implies that the model could fit and it is adequate. As well as the multiple regression coefficient of the first order model is 96.98%, it is above 80%. This result shows that feed rate has the most significant effect on the power, followed by depth of cut, tool nose radius and cutting speed. The equation shows that the power increases with increase in feed rate, depth of cut and tool nose radius. Eq.12 is utilized to calculate power counter at the selected depth of cut and tool nose radius. Figures 2a-2c show the cutting power counter with selected cutting parameters. The power reaches the highest value where the value of cutting speed, feed rate, depth of cut and tool nose radius at their maximum value (figure 2c) . The lowest power is obtained when all the factors value at their minimum value (figure 2a). From this counter plot, the safety zone of power can be selected for any experiment. The second order model was postulated in obtaining the relationship between the cutting power and the machining independent variables. The model was based on the Box-Behnkn design method. The developed second order mathematical model is given in equation 13. The table 6 shows the 95% confidence interval for the experiments. The analysis of variance of second-order model as shown in tab. 6.For the second order model, the P-value for lack of fit is 0.159 (>0.05) is not significant with the lack of fit and the F-statistic is 2.254 (>0.05). This implies that the model could fit and it is adequate. The second order model is more precise than first order model, because the predicted result is much more accurate than the first order model. As well as the multiple regression coefficient of the second order model is higher than the first order model, i.e. 99.00 % (0.99). The fit summery recommends that the (linear model) first order model as well as interaction model (second order) are statistically significant for analysis of cutting power. Eq.13 is used to develop the counter plot as shown in figure  3a to figure 3c . Figures 3a-3c shows that when the feed rate, cutting speed, depth of cut and tool nose radius are at their lowest value, the power consumption is the lowest and vice versa. From the counter plots we can see that the cutting conditions for the lowest power consumption are cutting speed 39m/min, feed rate 0.06mm/ rev, depth of cut 0.2mm and tool nose radius 0.4mm.
It can be seen from figure 4a that the regression model is reasonably well fitted with the observed values. In addition, figure 4b illustrates that there is no noticeable pattern or unusual structure. This implies that the proposed second order model is adequate to illustrate the pattern of the power.
The check of the normality assumptions of the data is then conducted; it can be seen in figure 4c that all the points on the normal plot come to close to forming a straight line. This implies that the data are fairly normal and there is a no deviation from the normality. This shows the effectiveness of the developed model. Notice that the residuals are falling on a straight line, which means that the errors are normally distributed.
Exponential model can be obtained for power by applying logarithmic transformation to eq. 2 as: Lnp = lnc + alnv + blnf + clnd + dlnr + lnε (14) 
The eq. 16 is derived from the eq. 12, by substituting the coded values of cutting speed, feed rate, depth of cut and tool nose radius in terms of lnv, lnf, lnd and lnr. In eq.16 cutting speed, feed rate, depth of cut and tool nose radius are expressed in logarithmic transformation. Since all the four parameters are under the same logarithmic scale, the factor with highest value of coefficient possesses the most dominating effect over the response.
The main and interaction effect plot for power has been shown in figure 5 and figure 6 . The plots show the variation of individual and interaction responses with the four parameters i.e. cutting speed, feed rate, depth of cut and tool nose radius separately. In the plots, x-axis shows the value of each parameter at three levels and y-axis the response values. Horizontal line in the plot shows the mean value of the response. Figure 5 shows the main effect plot for power showing the effect of cutting speed, feed rate, depth of cut and tool nose radius. The results show that decreasing cutting speed, feed rate, depth of cut and tool nose radius, there is continuous decrease in power consumption i.e. smaller values of cutting parameters and tool nose radius produces smaller power consumption and larger values of cutting parameters there is required larger power for machining EN-31 steel.
Interaction plot figure 6 shows the variation of power due to interaction between cutting speed and feed rate (v*f), feed rate and Figure 7 (a, b, c) show the three dimensional plot for metal cutting power.
Conclusion

1)
Response surface method is found to be a successful technique to perform trend analysis of power consumption in metal cutting with respect to various combinations of design variables (metal cutting speed, feed rate, depth of cut and tool nose radius).
2) The first order, second order and exponential models are found to be adequately representing metal cutting power with experimental results. Second order model is more precise than the first order model in predicting the power consumption during machining.
3) A logarithmic data transformation can be applied to convert the nonlinear form of equation into to the additive (linear) form. This is one of most popularly used data transformation technique in empirical model building.
4) The models developed in the research produces smaller errors and have satisfactory results. Therefore the proposed models can be used to predict the corresponding power consumption in metal cutting of EN-31 steel at different parameters in turning.
5) The smallest the values of the cutting speed, feed rate, depth of cut and tool nose radius, the lowest is the metal cutting power consumption. The counter plots show the safe zone for minimum power consumption. Thus, from the model equations and counter plots a designer can select the best combination of cutting variables for achieving optimum or minimum metal cutting power consumption during turning steel. This eventually may reduce the machining time, operator efforts, cost and save the cutting tools.
